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Abstract (A) 21 

Aim 22 

A common pattern in biogeography is the scale-dependent effect of environmental variables on 23 

the spatial distribution of species. We tested the role of climatic and land cover variables in 24 

structuring the distribution of genetic variation in the grey long-eared bat, Plecotus austriacus, 25 

across spatial scales. Although landscape genetics has been widely used to describe spatial 26 

patterns of gene flow in a variety of taxa, volant animals have generally been neglected because 27 

of their perceived high dispersal potential.  28 

Location 29 

England and Europe 30 

Methods 31 

We used a multi-scale integrated approach, combining population genetics with species 32 

distribution modelling and geographic information under a causal modelling framework, to 33 

identify landscape barriers to gene flow and their effect on population structure and conservation 34 

status. Genotyping involved 23 polymorphic microsatellites and 259 samples from across the 35 

species’ range. 36 

Results 37 

 We identified distinct population structure shaped by geographical barriers and evidence of 38 

population fragmentation at the northern edge of the species’ range. Habitat suitability (as 39 

captured by species distribution models, SDMs) and temperature during the mating period were 40 



 

3 

 

the most important landscape variables affecting genetic connectivity across spatial scales. At 41 

fine spatial scales, lowland unimproved grasslands, the main foraging habitat of P. austriacus, 42 

also played a pivotal role in promoting genetic connectivity.  43 

Main Conclusions 44 

The importance of lowland unimproved grasslands in determining the biogeography and genetic 45 

connectivity in P. austriacus highlights the importance of their conservation as part of a wider 46 

landscape management for fragmented populations. This study illustrates the value of using 47 

SDMs in landscape genetics, and highlights the need for multi-scale approaches when studying 48 

genetic connectivity in volant animals or taxa with similar dispersal abilities.  49 

Keywords: biogeographical barriers, Chiroptera, edge populations, landscape genetics, spatial 50 

scale, species distribution modelling. 51 

Introduction (A) 52 

Scale is important for understanding ecological patterns and evolutionary processes 53 

(Levin 1992). A common pattern in biogeography is the scale-dependent effect of environmental 54 

variables, whereby climatic variables limit the distribution of species across their range, while at 55 

finer spatial scales species’ responses to climate are often masked by the effect of local 56 

environmental variables, like soil type, terrain, and habitat (Pearson & Dawson 2003). We 57 

combine genetic data with species distribution modelling and geographic information to test the 58 

role of climatic and habitat variables in structuring populations and the distribution of genetic 59 

variation across spatial scales. 60 
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With future climate change predicted to result in major shifts in the distribution of species 61 

(e.g. Thomas 2010), identifying factors that facilitate movement and genetic connectivity 62 

between populations is a major challenge for biodiversity conservation. Landscape genetics 63 

offers an interdisciplinary framework for relating spatial genetic patterns to the effects of 64 

landscape elements on the movement of organisms (Storfer et al. 2007; Sork & Waits 2010). The 65 

approach is based on the premise that geographical and environmental features of the landscape, 66 

such as barriers and habitat discontinuity, can structure genetic variation at the individual and 67 

population levels via their effects on dispersal and gene flow (Manel et al. 2003). Landscape 68 

genetic approaches can benefit biogeographical studies by quantifying source-sink dynamics in 69 

meta-populations and by identifying biogeographical barriers that may limit species movement in 70 

response to future climate change (Scoble & Lowe 2010). 71 

Despite their high taxonomic diversity, global distribution and great conservation need 72 

(Mickleburgh et al. 2002; Altringham 2011), bats have been neglected in landscape genetic 73 

studies because flight allows bats to cross landscape or geographical barriers more easily than 74 

non-volant species. Yet, even with high potential for dispersal by flight, bat species show varying 75 

patterns of population structure due to differences in movement abilities, migration, and mating 76 

behaviour (Burland & Worthington Wilmer 2001). Bats with low dispersal abilities due to high 77 

flight costs, show more pronounced population subdivision, in particular over geographic 78 

distances (Burland et al. 1999; Puechmaille et al. 2011), and may therefore be more affected by 79 

landscape elements creating barriers to gene flow. Even in the absence of landscape barriers, bat 80 

species differ in their genetic structure and limits to gene flow as a result of differences in 81 

roosting behaviour and social organisation (Rossiter et al. 2012). 82 
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A major challenge in landscape genetics, especially for volant animals, is determining the 83 

relationship between landscape elements and movement. The degree to which a particular feature 84 

impedes or facilitates movement translates into relative costs and is used to create a resistance 85 

surface. Because the true costs of different landscape elements are rarely known, objective 86 

parameterisation of the resistance surface requires a combination of field data, expert opinion and 87 

model selection procedures in which a wide range of costs are correlated against measures of 88 

gene flow (Spear et al. 2010; Koen et al. 2012). 89 

Habitat suitability measures based on species distribution models (SDMs) present an 90 

alternative objective way of parameterising the resistance surface in the absence of information 91 

on dispersal routes and specific habitat use during dispersal (Wang et al. 2008; Koen et al. 2012). 92 

SDMs model the environmental tolerance of species, representing an approximation of the 93 

realised niche, which is projected into a geographical space to yield the potential spatial 94 

distribution of species (Guisan & Zimmermann 2000). As such SDMs do not directly model 95 

landscape barriers to movement but rather estimate where suitable environmental conditions for 96 

the species are present. However, gene flow in species with limited long-distance movement may 97 

be affected by habitat suitability because they may avoid crossing large expanses of unsuitable 98 

areas in fragmented landscapes (Thomas 2000; Van Dyck & Baguette 2005). Yet, despite the 99 

great potential of SDMs to help explain the effect of landscape elements and habitat distribution 100 

on genetic population structure, they remain under-utilised in landscape genetic studies (Row et 101 

al. 2010).  102 

We argue that SDMs can offer a good means of describing the effect of landscape 103 

resistance on bats because of the complex nature of the effect of landscape elements on 104 
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movement patterns and dispersal in volant animals. Rather than representing a single landscape 105 

feature that limits gene flow, SDMs provide a range of habitat suitability values based on a 106 

combination of various landscape and climatic variables that affect the species’ distribution.  107 

Being volant, bats tend to be affected by broader scale processes compared with other 108 

mammals of equivalent size (Willig et al. 2003), yet they are also sensitive to fine-scale changes 109 

in habitat composition or prey densities (Grindal & Brigham 1999). Therefore consideration of 110 

scale is important when studying the conservation biogeography of bats, especially as spatial 111 

scale can affect inferences made from landscape genetics regarding the contribution of variables 112 

to patterns of genetic differentiation among populations (Ortego et al. 2012).  113 

We used a multi-scale approach to identify landscape barriers to gene flow and their 114 

effect on the population structure and conservation status of the grey long-eared bat, Plecotus 115 

austriacus. Although P. austriacus is relatively common and widespread in southern Europe, it is 116 

a species of conservation concern at the northern edge of its range (Harris et al. 1995), and it is 117 

predicted to experience severe range shifts due to future climate change, with the majority of 118 

southern Europe becoming climatically unsuitable by the end of the century (Razgour et al. 119 

2013).  120 

The wing morphology of P. austriacus is energetically inefficient for long-distance flight 121 

(Norberg & Rayner 1987), suggesting that long-distance dispersal ability may be limited and that 122 

genetic differentiation is expected to be relatively high for a bat species (Olival 2012). Based on 123 

its relatively low vagility, sedentary nature and roosting behaviour (Swift 1998), P. austriacus is 124 

also predicted to have medium levels of genetic population structure (extrapolated from Rossiter 125 
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et al. 2012) and to be particularly vulnerable to habitat fragmentation and population isolation 126 

(Entwistle et al. 2000; Burland & Worthington Wilmer 2001).  127 

We tested hypotheses regarding the role of landscape elements in impeding or facilitating 128 

gene flow in P. austriacus across spatial scales, ranging from fine-scale (the northern edge-of-129 

range population) to broad-scale (across the whole European range). Using a causal modelling 130 

framework (Cushman et al. 2006; Cushman & Ladguth 2010), carried out both at the individual 131 

and colony (population) level, we compared three possible causes of population structure: 132 

isolation by Euclidian (geographic) distance (IBD), isolation by geographical barriers and 133 

isolation by landscape resistance (IBR). We hypothesised that:  134 

1. Landscape elements and geographical barriers play a more important role in structuring 135 

patterns of gene flow in P. austriacus across spatial scales than Euclidian distance alone.  136 

2. SDMs can better capture the effect of landscape resistance to gene flow in bats than 137 

individual landscape elements.  138 

3. The effect of land cover variables on gene flow becomes more pronounced at finer spatial 139 

scales.  140 

Methods (A) 141 

Sample collection (B) 142 

The 259 P. austriacus tissue samples included in this study were collected or obtained 143 

from 82 locations spanning the entire known species’ range (1–18 samples per location; Fig. 2; 144 
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Razgour et al. 2013). Samples collected from juveniles were not included in this study to avoid 145 

biasing the analysis due to the inclusion of closely related individuals. 146 

Laboratory procedures (B) 147 

This study includes 20 autosomal microsatellite loci selected from a specifically designed 148 

microsatellite library (Razgour et al. 2013; Paust001–Paust020, Accession numbers HE983997–149 

HE984016), and three loci from Burland et al. (1998; Paur01, Paur05 and Paur06). Laboratory 150 

procedures and initial genetic analysis are outlined in Appendix S1 of Supporting Information. 151 

Genetic data analysis (B) 152 

Analysis was carried out at either the individual or colony level. Colonies were defined 153 

based on individuals caught in the same roost or adjacent roosts within the same 10km area. All 154 

samples were included in the individual-based analysis (N=259). However, the colony analysis 155 

only included samples from locations with more than six individuals (N=177), the minimum 156 

sample size required to provide adequate representation of allelic patterns and the genetic 157 

structure of the population (Nazareno & Jump 2012). To have a representative colony from the 158 

Balkans we combined six samples from Bulgaria even though they were collected from four 159 

separate locations, within a radius of 120km. The two Italian locations were also treated as a 160 

single colony due to their proximity (30km apart), resulting in a total of 16 colonies (Table S1). 161 

The geographic location of the combined colonies was assigned as the sampling location with the 162 

highest number of samples (Fig. 2).  163 
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We estimated the effective population size (Ne) of the edge-of-range English population 164 

and the separate English colonies using the approximate Bayesian computation approach 165 

implemented in ONeSAMP (Tallmon et al. 2008; Appendix S1). 166 

Analysis of population structure (C) 167 

Population structure and the number of population clusters was inferred using individual-168 

based Bayesian assignment tests implemented in the R package Geneland (Guillot et al. 2005). 169 

Geneland combines genetic data with information on the geographic location of samples to 170 

account for spatial population structure. In a recent simulation study (Blair et al. 2012), Geneland 171 

was shown to have the highest power and best performance among commonly used clustering 172 

and non-clustering methods for identifying linear barriers to gene flow (Appendix S1).  173 

Genetic differentiation among pairs of colonies or population clusters was estimated using 174 

Weir and Cockerham’s (1984) FST estimation, calculated using the program SPAGeDi (Hardy & 175 

Vekemans 2002) with 104 permutations, and Jost’s (2008) Dest, calculated with the program 176 

SMOGD (Crawford 2010) based on 104 bootstrap replicates across loci. FST was linearised as FST 177 

/ (1-FST) when used as a genetic distance matrix (Rousset 1997). Due to a strong correlation 178 

(r=0.91, df=119, P<0.0001) and concordance between FST and Dest values (Table S2-S3), only 179 

FST results were used in subsequent analyses. 180 

Estimating migration rates (C) 181 

We estimated contemporary gene flow and the direction of gene flow between colonies 182 

using the Bayesian nonequilibrium approach implemented in BayesAss v3 (BA3, Wilson & 183 

Rannala 2003; Appendix S1).  184 
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Contemporary gene flow rates were also calculated with BA3 between individual samples 185 

separated by geographical barriers to determine the effect of barriers on movement. We tested 186 

whether the Pyrenees and Alps mountain ranges and the English Channel act as potential 187 

geographical barriers for bats. We compared gene flow across each barrier to gene flow on either 188 

side of the barrier.  189 

Landscape genetic analysis (B) 190 

We used Mantel and partial Mantel tests to determine the relative effect of Euclidian 191 

distance (IBD), geographical barriers (mountain ranges and seas) and landscape resistance (IBR) 192 

on genetic differentiation (linearised FST) and contemporary migration rates (BA3) between P. 193 

austriacus colonies and genetic clusters (individual-based analysis). Following the 194 

recommendation of Munshi-South (2012), we analysed separately the top and bottom halves of 195 

the BA3 migration matrix to retain the directionality of migration. For flow diagram of landscape 196 

genetic methods see Fig. 1. 197 

We used the Landscape Genetics tool (Etherington 2011) in ArcGIS v10 (ESRI) to 198 

calculate Euclidian distances between pairs of colonies. In the individual-based analysis, 199 

Euclidian distances between population clusters were calculated based on distances between the 200 

centroid of the clusters.  201 

We  characterise the effect of landscape resistance on genetic differentiation using 202 

resistance distance, an  analysis based on circuit theory, which is implemented in the program 203 

Circuitscape v3.5 (McRae 2006; McRae et al. 2008),. Circuitscape estimates potential movement 204 

routes across a heterogeneous landscape based on the cumulative cost of movement due to 205 
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landscape resistance. This analysis incorporates all possible pathways connecting pairs of 206 

populations, and is therefore thought to provide a better representation of the effect of landscape 207 

heterogeneity on gene flow than other commonly used measures, like Least Cost Path (McRae & 208 

Beier 2007). Resistance distances were calculated between pairs of colonies (focal point analysis) 209 

or population clusters (individual-based focal region analysis).  210 

The landscape genetics analysis was carried out at two spatial scales, across the European 211 

range (broad-scale) and at the northern edge of the range, within England and the Channel Isles 212 

(fine-scale) (Fig. 2). The resolution for the broad-scale models was set at 5km (2.5 arc min), 213 

corresponding to the colony home range size of P. austriacus and the maximum distance 214 

travelled daily to foraging grounds (Razgour et al. 2011). The resolution of the fine-scale models 215 

was set at 1km (30 arc sec) to allow the analysis of the effect of more fine-scale landscape 216 

elements. The broad-scale analysis was carried out both at the colony level (16 colonies, N=177) 217 

and as an individual-based analysis, looking at genetic differentiation between genetically 218 

defined population clusters (N=259), while the fine-scale analysis was carried out only at the 219 

colony level (6 colonies, N=67). 220 

Landscape variables were selected based on a combination of knowledge of the biology of 221 

the species (gained through radio-tracking studies (Razgour et al. 2011)), and information from 222 

SDMs on factors affecting the distribution of the species at the particular spatial scale analysed. 223 

We tested the use of SDMs and their output habitat suitability maps to parameterise the landscape 224 

resistance matrix versus the use of individual landscape variables, including altitude, slope, 225 

autumn temperature, distance to grasslands or meadows (lowland unimproved grasslands), 226 

distance to urban areas and land cover (Appendix S1).  227 
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Generating landscape resistance maps (C) 228 

SDMs were generated with the program Maxent (Phillips et al. 2006), separately for each 229 

spatial scale. The fine-scale SDM was taken from Razgour et al. (2011). The broad-scale models 230 

included the same 142 genetically-confirmed location records used in Razgour et al. (2013). For 231 

variables included in the SDMs and Maxent modelling procedures see Appendix S1. 232 

Landscape variables were assigned resistance costs ranging from one (no resistance to 233 

movement) to 100 (strong barrier to movement). Because colonies and population clusters at both 234 

spatial scales were separated by large expanses of water (seas), all models included resistance 235 

costs for seas, set at either 50 (medium resistance), 75 (high resistance) or 100 (highest 236 

resistance). We varied the maximum resistance costs of each landscape variable relative to the 237 

costs assigned to seas and other variables, and selected the best parameter combination for each 238 

variable based on the magnitude of the Mantel correlations (Appendix S1 for resistance models 239 

and costs). 240 

Based on 32 hypotheses (Table 1), we generated a total of 26 landscape resistance models 241 

at the broad-scale colony analysis (Table S5), 20 models at the broad-scale individuals-based 242 

analysis (Table S6), and 22 fine-scale models (Table S7). All analyses also included a null model, 243 

representing a neutral landscape resistance surface (Spear et al. 2010) in which all land surfaces 244 

were assigned no resistance cost (1), while seas were assigned the highest resistance costs (100) 245 

to account for continent shape alone.  246 
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Statistical analysis (C) 247 

We followed a causal modelling framework (Cushman et al. 2006; Cushman & Landguth 248 

2010; Fig. 1) to determine the relative support for each driver of genetic differentiation (IBD, 249 

barriers and IBR) relative to other drivers. This approach is based on the premise that a particular 250 

hypothesis is supported if it is significantly correlated with genetic distance even after controlling 251 

for the effect of other competing hypotheses, while the remaining hypotheses cease to be 252 

significant after controlling for the ith hypothesis.   253 

Mantel and Partial Mantel tests were performed using the program ZT v1.1 (Bonnet & 254 

Van de Peer 2002) with 104 randomised permutations to obtain probability values. In the first 255 

stage, we computed Mantel tests to select the strongest supported combination of resistance costs 256 

for each landscape element based on the magnitude of the Mantel correlations (correlation 257 

coefficient (r) and statistical significance). Only one combination of resistance costs was kept for 258 

each landscape element. In the next stage, landscape elements that significantly explained genetic 259 

differentiation at their respective scale were correlated against the genetic distance or migration 260 

rate matrices with competing Euclidian distance or barrier hypotheses partialled-out in a partial 261 

Mantel test analysis. Euclidian distances were log transformed. Mountain and sea barriers were 262 

included in partial Mantel tests as a binary matrix, whereby pairs of colonies separated by a 263 

barrier received a value of one, while those not separated by the barrier received a value of zero. 264 

We also included a combined barrier model, in which pairs of colonies separated by more than 265 

one barrier received a value of two. 266 
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Results (A) 267 

Biogeographical population structure (B) 268 

Individual-based spatial assignment tests detected genetic population structure across the 269 

range of P. austriacus, dividing the dataset into nine spatial clusters:  West Devon, the rest of 270 

England, Guernsey, Jersey and north-western France, mainland Western Europe (France, 271 

Belgium, Germany and Switzerland), Iberia, Italy (including Sardinia and Corsica), Balkans 272 

(Bulgaria, Hungary, Slovakia and Austria), and the Adriatic Balkan coast (Croatia, Albania and 273 

Greece) (Fig. 2). In subsequent analyses the two Balkan clusters were grouped together due to the 274 

small number of samples belonging to the Adriatic cluster, resulting in eight population clusters. 275 

Genetic differentiation between the 16 colony pairs was moderate but significant, with 276 

lower values between colonies within Iberia and higher levels of differentiation between colonies 277 

in different geographical regions (mean FST=0.062, range: 0.001–0.128; Table S2). Similarly, 278 

genetic differentiation between the eight population clusters was also moderate, though minimum 279 

values were higher than in the colony analysis (mean FST=0.060, 0.027–0.103; Table S3).  280 

Gene flow rates could not be calculated across the entire range between all 16 colonies 281 

because the MCMC chain did not converge. Therefore migration rates between colonies were 282 

only included in the fine-scale analysis. Rates of recent gene flow between the six colonies in 283 

England and the Channel Isles ranged from low (between the Devon colony and most other 284 

colonies (0.01–0.04 of the Devon population)), to relatively high (between the Channel Isles 285 

colonies (0.24 of the Guernsey population)) (Table S4). 286 
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The effective size of the English population was estimated at a mean of 184 breeding 287 

individuals (95% Credible Limits: 107–537). Estimations of the effective size of colonies within 288 

England varied between a mean of 16 for the Devon colony (15–20), 24 for the two Isle of Wight 289 

colonies combined (21–36) and 54 for the Dorset colony (34–180).  290 

Landscape genetics (B) 291 

SDMs had high predictive ability and did not overfit presence data (broad-scale: 292 

AUCtrain=0.951, AUCtest=0.900; fine-scale: AUCtrain=0.994, AUCtest=0.984). The main eco-293 

geographical variables contributing to SDMs at both scales were climatic variables, and in 294 

particular mean winter temperature, though land cover was also important at the fine-scale (Fig. 295 

S1–S2).  296 

Effect of geographical barriers (C) 297 

Of all potential geographical barriers, only the Pyrenees formed a true barrier to gene 298 

flow. Gene flow rates between samples across the Pyrenees were minimal (around 0.03 both in 299 

and out of Iberia). In contrast, gene flow rates on either side of this barrier were high, a mean of 300 

0.19 within Iberia and 0.17 within mainland Western Europe. Unlike the Pyrenees, the Alps did 301 

not impede recent gene flow, with 0.22 of the Italian population recently migrating into Western 302 

Europe, though gene flow rates from Western Europe into Italy were negligible (<0.01). Equally, 303 

the English Channel did not appear to form a barrier to gene flow, with 0.19 of Western European 304 

bats estimated to have migrated recently into England, but less than 0.05 of English bats 305 

migrating across the Channel.  306 
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Effect of geographic distance (C) 307 

Although genetic differentiation between the pairs of colonies increased with Euclidian 308 

distance both at the broad and fine spatial scales, the correlation coefficients were generally lower 309 

than in the IBR analysis (broad-scale [16 colonies]: r=0.55, P<0.0001, Fig. 3A; fine scale [six 310 

colonies]: r=0.44, P<0.05, Fig. 4A). IBD was not significant in the broad-scale individual-based 311 

analysis (Fig. 3C), and ceased to be significant after controlling for the effect of most landscape 312 

models at both spatial scales. IBD remained significant after controlling for the effect of 313 

geographical barriers only at the broad-scale colony analysis. 314 

Broad-scale effects of landscape (C) 315 

Most landscape resistance models and most combinations of parameters had significant 316 

positive correlations with measures of genetic distance both between colonies and genetic 317 

clusters, with the exception of all altitude and slope models in the colony analysis (Table S5). 318 

The models with the highest correlation coefficients overall were the habitat suitability model 319 

(Colony analysis: r=0.73, P<0.0001; Individual-based analysis: r=0.90, P<0.0001) and the model 320 

combining the effect of habitat suitability and autumn temperature (Colony analysis: r=0.75, 321 

P<0.0001, Fig. 3B; Individual-based analysis: r=0.90, P<0.0001, Fig. 3D). These were also the 322 

only models to fulfil all the causal modelling conditions because they remain significant after 323 

controlling for the effect of all other variables, while other variable were not significant after 324 

controlling for the effect of these two IBR models (Mantel tests: Table S5–6; partial Mantel tests: 325 

Table 2).  326 
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Fine-scale effects of landscape (C) 327 

IBR models best explained genetic differentiation, with the IBR model of landscape 328 

resistance due to distance from meadows (Fig. 5A) attaining the highest correlation coefficient 329 

(r=0.77, P<0.01, Fig. 4B). This model also remained significant once controlling for the effect of 330 

Euclidian distance (r=0.81, P<0.01), and was the only model to fulfilled all the causal modelling 331 

conditions (Table 3). The IBR autumn temperature (r=0.69, P<0.01) and combined habitat 332 

suitability and autumn temperature models (r=0.66, P<0.01) also remained significant after 333 

controlling for Euclidian distance. However, both were highly correlated with Euclidian distance 334 

(r≥0.9), and IBD was close to significant after controlling for these two models (P=0.051, 0.061; 335 

Table 3).  336 

Only correlations with the top part of the BA3 gene flow matrix were significant. Gene 337 

flow rates between English and Channel Isles colonies followed a similar pattern as genetic 338 

differentiation (FST), though correlations were stronger and the effect of Euclidian distance was 339 

more significant (r=-0.76, P<0.01; Fig. 4C). However, only the IBR autumn temperature model 340 

(Fig. 5B) remained significant (r=-0.80, P<0.01; Fig. 4D) after controlling for Euclidian distance 341 

(Table S7; Table 3). 342 

Discussion (A) 343 

We found that both climate and landscape elements play an important role in determining 344 

the biogeography of P. austriacus and patterns of genetic differentiation across its range, yet their 345 

contribution changed with spatial scale. Despite its flight ability, P. austriacus has a distinct 346 

population structure with moderate levels of genetic differentiation among colonies and varying 347 
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migration rates based on the extent of landscape resistance to movement and geographical 348 

distance.  349 

At the core of the species’ range, in Iberia, genetic differentiation among colonies is 350 

negligible and there is no evidence of further population sub-structuring, despite the large 351 

geographic area separating the northern, south-eastern and western Iberian colonies. In contrast, 352 

across a smaller geographical area at the northern edge of the range, in England, levels of genetic 353 

differentiation among colonies are higher, and appear to exceed those estimated for the more 354 

common sympatric congener Plecotus auritus (mean FST=0.019, Burland et al. 1999). Moreover, 355 

the English population is genetically split into two distinct population clusters (Devon and the 356 

rest of England), pointing to population fragmentation at the northern edge of the range.  357 

Effect of geographical barriers on population structure (B) 358 

Geographical barriers appear to contribute to population structure across the range of P. 359 

austriacus. Of the nine identified population clusters, only one (Devon) was not separated by 360 

either mountain ranges or large expanses of water. In the absence of distinct geographical 361 

barriers, across mainland Western Europe, P. austriacus shows high levels of admixture and a 362 

lack of population structure (Razgour et al. 2013). However, contemporary gene flow rates 363 

suggest that these barriers are not impermeable.  364 

Our finding that the Alps did not form a substantial barrier to gene flow in P. austriacus is 365 

surprising given their role in limiting gene flow in other bat species, including migratory species 366 

with greater dispersal abilities, like Nyctalus noctula (Petit & Mayer 1999). However, 367 

Barbastella barbastellus, shows a similar response as P. austriacus, whereby the Alps do not 368 
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form a barrier while the Pyrenees do (Rebelo et al. 2012), suggesting that gene flow in 369 

phylogenetically close species may be limited by similar factors.  370 

Large expanses of water do not necessarily form an effective barrier to gene flow in bat 371 

populations. Some narrow strips of sea, like the straits of Gibraltar (14km), appear to have a 372 

stronger effect on female-mediated gene flow and on delimiting species distribution than much 373 

larger expanses of water, though the effect is not uniform across species (García Mudarra et al. 374 

2009). Despite its wing morphology and limited dispersal ability, P. austriacus has colonised 375 

most Mediterranean islands as well as the Atlantic island of Madeira (Juste et al. 2004). Long-376 

distance island colonisation events are more than likely the result of special displacement 377 

movements rather than routine movements for foraging and mating, and therefore represent much 378 

greater dispersal distances than regularly travelled by a sedentary species (Van Dyck & Baguette 379 

2005). 380 

Landscape genetics of P. austriacus  (B) 381 

Some level of IBD is commonly found in bat species (Burland & Worthington Wilmer 382 

2001; Olival 2012), with species possessing very limited dispersal abilities, like the bumblebee 383 

bat, showing such high levels of IBD (r=0.95) that landscape resistance could not explain 384 

population differentiation any better than IBD alone (Puechmaille et al. 2011). Yet in our study, 385 

IBD was unable to explain population differentiation either between population clusters or 386 

colonies after controlling for the effect of landscape resistance. Instead, landscape resistance due 387 

to habitat suitability, as captured by SDMs, and autumn temperature best explain variation in 388 

genetic patterns across spatial scales and methods of analysis.  389 
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Land cover variables only affected population differentiation at the fine-scale analysis, 390 

corresponding to the effect of land cover, and in particular grasslands, on habitat suitability for P. 391 

austriacus based on fine-scale SDMs. This scale-dependent effect of environmental variables 392 

(Pearson & Dawson 2003), whereby climatic variables limit the distribution of genetic variability 393 

across the entire range while habitat and land cover type are only limiting at finer spatial scales, 394 

highlights the importance of a multi-scale analysis in landscape genetics (Storfer et al. 2007; 395 

Anderson et al. 2010). 396 

Although SDMs do not directly model movement or incorporate information on 397 

movement behaviour (Spear et al. 2010), habitat preference of dispersers can be similar to that of 398 

residents (Zeller et al. 2012), and therefore SDMs can be used as a proxy for habitat suitability 399 

during movement, especially for species with small home ranges or dispersal capacity. SDMs 400 

have been successfully used to parameterise landscape resistance surfaces for other species with 401 

limited long-distance dispersal like the foxsnake, Mintonius gloydi (Row et al. 2010), and the 402 

spiny rat, Niviventer coninga (Wang et al. 2008).  Moreover, they are particularly suitable for 403 

volant animals that are not likely to be solely affected by land cover elements because they 404 

encompass the combined effect of a range of environmental variables. 405 

Because SDMs only account for general habitat suitability we combined them with 406 

autumn temperature, a variable directly associated with the timing of bat dispersal. The autumn 407 

months of September and October correspond to the main mating and dispersal period of most 408 

temperate bats (Altringham 2011). During this period even sedentary bats will move either to 409 

autumn mating roosts or to swarming sites that serve large catchment areas beyond regular 410 
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foraging flight distances (Parsons et al. 2003), and therefore unsuitable temperatures at this time 411 

of year may affect the distance individuals fly to mate.  412 

Conservation implications (B) 413 

The edge-of-range English P. austriacus population appears to be of high conservation 414 

concern due to its small effective size and evidence of population fragmentation. Moreover, high 415 

rates of gene flow into the English population relative to limited gene flow out of the population, 416 

suggest that it may be a sink population. Estimated Ne (mean Ne = 184) is below the minimum 417 

viable effective population size necessary for retaining evolutionary potential and avoiding the 418 

accumulation of deleterious alleles (Ne >1000), but a sufficient size to avoid inbreeding 419 

depression in the short-term (Ne >50) (reviewed in Frankham et al. 2010). Colony effective size 420 

estimates suggest that all colonies but Dorset may be unable to avoid inbreeding depression 421 

unless sufficient levels of gene flow are maintained between colonies. Minimising levels of 422 

inbreeding is important for the long-term survival of bat populations because inbreeding may 423 

reduce juvenile survival (Rossiter et al. 2001). Small effective colony size estimates highlight the 424 

importance of maintaining connectivity and of managing the separate colonies as part of a 425 

metapopulation.  426 

Beyond the effect of climate and habitat suitability, we identified specific land cover 427 

elements that facilitate movement, and therefore can be used in corridor design to promote 428 

population connectivity (Storfer et al. 2007). We show that lowland unimproved grasslands 429 

(meadows), the main foraging habitat of P. austriacus (Razgour et al. 2011), also play an 430 

important role in facilitating fine-scale gene flow, with the resistance model significantly 431 
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explaining genetic differentiation even after controlling for the effect of Euclidian distance. 432 

Hence the extensive decline of this habitat type in England in the past century due to agricultural 433 

intensification (Fuller 1987) does not only affect the persistence of P. austriacus colonies but 434 

also landscape connectivity and gene flow between colonies, and therefore may be responsible 435 

for the observed fragmentation and decline (Razgour et al. 2013) of the edge-of-range population.  436 

Conclusions (B) 437 

The importance of landscape elements in restricting movement and gene flow in P. 438 

austriacus shows that despite their flight ability, volant animals with wing morphology that limits 439 

long-range dispersal can have a landscape-mediated genetic population structure. SDMs 440 

successfully explained patterns of genetic differentiation and gene flow after controlling for the 441 

effect of geographic distance and barriers across spatial scales, thus supporting their use in 442 

landscape genetic studies. Habitat suitability and genetic connectivity across the range of P. 443 

austriacus are primarily affected by climatic and topographic variables, while land cover 444 

variables become important at finer scales, demonstrating that multi-scale approaches are integral 445 

to landscape genetic and biogeography studies. The strong effect of lowland unimproved 446 

grasslands on fine-scale genetic connectivity suggests that wider landscape management for the 447 

fragmented edge P. austriacus population should focus on the conservation of this endangered 448 

habitat type. 449 
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Table 1 – Description of hypotheses tested in the landscape genetic analysis and the number of 635 
resistance categories (not including seas) used to parameterise the landscape resistance matrix in 636 
the broad and fine-scale analyses. 637 
 638 

Landscape variable 
Resistance 
categories Hypothesis tested Description 

Species Distribution 
Model  continuous SDM > sea highest resistance for SDM 
(SDM)  (both scales) 

 
SDM < sea highest resistance for sea 

  
SDM = sea equal resistance 

 
10 SDM > sea highest resistance to SDM 

  
SDM < sea highest resistance for sea 

  
SDM = sea equal resistance 

 
3 SDM > sea highest resistance to SDM 

  
SDM < sea highest resistance for sea 

  
SDM = sea equal resistance 

Altitude  (broad-scale) 10 Altitude > sea highest resistance for altitude 

  
Altitude < sea highest resistance for sea 

  
Altitude = sea equal resistance 

 
3 Altitude > sea highest resistance for altitude 

  
Altitude < sea highest resistance for sea 

  
Altitude = sea equal resistance 

Slope (broad-scale) 10 Slope > sea highest resistance for slope 

  
Slope < sea highest resistance for sea 

  
Slope = sea equal resistance 

Autumn temperature  10 Temperature > sea highest resistance for temp. 
(both scales) 

 
Temperature < sea highest resistance for sea 

  
Temperature = sea equal resistance 

Combined model  10 SDM >/< Temperature differences in resistance 
(both scales) 

 
SDM = Temperature equal resistance 

  
SDM, Temp. > sea lowest resistance to sea 

Grassland (broad-scale) continuous Distance to grasslands resistance increases with distance 
Meadows (fine-scale) continuous Distance to meadows resistance increases with distance 

 
2 (Meadows < land) < sea lowest resistance for meadows 

  
(Meadows > land) < sea lowest resistance for land 

  
Meadows > sea > land highest resistance for land 

Urban (fine-scale) continuous Distance to urban areas 
resistance decreases with 
distance 

Land cover (fine-scale) 3 Land cover > sea highest resistance for land cover 
    Land cover < sea highest resistance for sea 

639 
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Table 2 – Broad-scale colony and individual-based causal modelling analysis, including Mantel 640 
and partial Mantel tests for isolation by Euclidian distance (IBD), and isolation by resistance 641 
distance (IBR). Models best explaining genetic differentiation are marked in bold (SDM=species 642 
distribution model, autumn = autumn temperature). 643 

 644 

Category Independent  Partialled-out variable Colony analysis Individual analysis 
   variable   r P r P 

IBD Euclidian Distance 
 

0.554 <0.0001 0.380 0.07(NS) 

  
Mountain barrier 0.520 <0.001 

  
  

Water barrier 0.615 <0.0001 
  

  
Combined barrier 0.450 <0.05 

  
  

Resist (SDM) 
 

0.3(NS) 
  

  
Resist (grassland) 0.471 <0.01 

  
  

Resist (autumn) 0.430 <0.01 
  

  
Resist (SDM + autumn) 

 
0.5(NS) 

  IBR Resist (SDM)  
 

0.728 <0.0001 0.898 <0.0001 

  
Euclidian distance 0.573 <0.001 0.880 <0.0001 

  
Mountain barrier 0.710 <0.0001 0.891 <0.0001 

  
Combined barrier 0.660 <0.001 0.891 <0.0001 

 
Resist (grassland) 

 
0.348 <0.05 0.500 <0.05 

  
Euclidian distance 

 
0.3(NS) 

 
0.08(NS) 

 
Resist (altitude) 

  
NS 0.521 <0.05 

  
Euclidian Distance 

  
0.544 <0.05 

 
Resist (slope) 

  
NS 0.606 <0.01 

  
Euclidian Distance 

  
0.585 <0.05 

 
Resist (autumn)  

 
0.618 <0.0001 0.884 <0.0001 

  
Euclidian distance 0.523 <0.01 0.885 <0.0001 

  
Mountain barrier 0.659 <0.0001 0.887 <0.0001 

 
Resist (SDM + autumn)  0.748 <0.0001 0.903 <0.0001 

  
Euclidian distance 0.603 <0.001 0.886 <0.0001 

  
Mountain barrier 0.739 <0.0001 0.895 <0.0001 

  
Combined barrier 0.689 <0.0001 0.900 <0.0001 

   Null Model 
 

  NS    NS 
 645 

646 
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Table 3 – Fine-scale causal modelling analysis of the effect of the landscape on genetic 647 
differentiation (FST) and contemporary gene flow (BA3), including Mantel and partial Mantel 648 
tests for isolation by Euclidian distance (IBD), and isolation by resistance distance (IBR). Models 649 
best explaining genetic differentiation are marked in bold (SDM=species distribution model, 650 
autumn = autumn temperature). 651 

 652 

Category Independent variable Partialled-out variable FST   BA3 top   
      r P r P 

IBD Euclidian Distance 
 

0.440 0.02 -0.763 0.006 

  
Water barrier 

 
0.1(NS) -0.619 0.006 

  
Resist (SDM) 

 
0.2(NS) 

 
0.1(NS) 

  
Resist (meadow) NS† 

 
0.1(NS) 

  
Resist (land cover) 

 
0.3(NS) -0.578 0.02 

  
Resist (autumn)* 0.051 

 
0.3(NS) 

  
Resist (SDM + autumn)* 0.06(NS) 

 
0.2(NS) 

IBR Resist (SDM) 

 
0.673 0.017 -0.725 0.006 

  
Euclidian distance 

 
0.08(NS) 

 
0.3(NS) 

 
Resist (meadow) 

 
0.772 0.003 -0.764 0.01 

  
Euclidian distance 0.809 0.007 

 
0.08(NS) 

 
Resist (land cover) 

 
0.573 0.025 -0.618 0.014 

  
Euclidian distance 

 
0.2(NS) 

 
0.3(NS) 

 
Resist (autumn) 

 
0.691 0.003 -0.804 0.008 

  
Euclidian distance* 0.736 0.008 -0.422 0.04 

 
Resist (SDM + autumn) 0.655 0.008 -0.763 0.006 

    Euclidian distance*  0.695 0.017   0.2(NS) 
 Null model   NS  NS 

 653 
* High correlation between independent and partialled-out variable (r≥0.9) 654 
† Significant negative correlation (P = 0.036) – genetic distance decreases as Euclidian distance 655 
increases. 656 

657 
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Figure 1 – Flow diagram summarising the landscape genetics analysis procedures. 658 

Figure 2 – Spatial distribution of genetic population clusters relative to the geographic 659 

location of Plecotus austriacus samples. (A) The results of the Geneland analysis colour-coding 660 

sample locations based on the nine population clusters. Triangles represent the location of the 16 661 

colonies. Solid and broken black outlines represent the extents of the fine and broad-scale 662 

analyses, respectively. 663 

Figure 3 – Broad-scale Mantel tests for the colony and individual-based analyses across 664 

Europe. Genetic distance is correlated against: (A) Euclidian distance between colonies, (B) 665 

resistance distance between colonies for the combined habitat suitability (SDM) and autumn 666 

temperature model, (C) Euclidian distance between population clusters, and (D) resistance 667 

distance between population clusters for the combined SDM and autumn temperature model.  668 

Figure 4 – Fine-scale Mantel tests between pairs of colonies within England and the 669 

Channel Isles. Correlations of (A) genetic distance and Euclidian distance, (B) genetic distance 670 

and resistance distance for the distance from meadows model, (C) contemporary gene flow rates 671 

and Euclidian distance, and (D) gene flow rates and resistance distance for the autumn 672 

temperature model. 673 

Figure 5 – Potential movement pathways of Plecotus austriacus within England and the 674 

Channel Isles. Cumulative current maps generated by Circuitscape to indicate movement density 675 

between colonies as a factor of landscape resistance due to (A) distance to meadows, and (B) 676 

autumn temperature. Connectivity between colonies ranges from high, in black, to low (limited 677 

movement), in light grey. White circles denote the location of colonies. 678 

679 
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Figure 1 680 
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Figure 2 682 
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Figure 4 688 
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Figure 5 691 
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